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a b s t r a c t
The Wikipedia project has created one of the largest and best-known open knowledge
communities. This community is a model for several similar efforts, both public and com-
mercial, and even for the knowledge economy of the future e-society. For these reasons,
issues of quality, social processes, and motivation within the Wikipedia knowledge com-
munity have attracted attention of researchers. Research has often used Social Network
Analysis applied to networks created based on behavioral data available from the edit his-
tory of the Wikipedia.
This paper asks the following question: are the popular assumptions about the social
interpretations of networks created from the edit history valid? We verify commonly as-
sumed interpretations of four types of networks created from discussions on Wikipedia
talk pages, co-edits and reverts in Wikipedia articles, and edits of articles in various topics,
by comparing these networks with results from a survey of editors of the Polish Wikipedia
community. The results indicate that while the behavioral networks are strongly related to
the declarations of respondents, only in one case of the network created from talk pages
and interpreted as acquaintance we can observe a near equivalence. The article next de-
scribes improved deﬁnitions of behavioral indicators obtained through machine learning.
The improved networks are much closer to their declarative counterparts.
The main contribution of the article is a validated model of an acquaintance network
among Wikipedia editors that can be derived from behavioral data and validly interpreted
as acquaintance. Other contributions are improved versions of behavioral networks based
on editing behavior and discussion history on the Wikipedia.
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Wikipedia is one of the most popular websites on the Internet, ranking sixth globally among all websites on Alexa
and having an estimated 365 million readers worldwide. A collaborative effort to organize and present human knowledge
similarly to traditional encyclopedias, its most distinctive feature is that anyone can become an editor. This has led to the
sustained growth of Wikipedia [24], but also to possible future scalability problems. Nowadays, in the Web 2.0 era, there are
many sites where user-contributed content plays a major role. Many other public wiki sites may face similar problems. Due
to Wikipedia’s openness and lack of centralized supervision, authors have to overcome problems unknown in the editing of
traditional encyclopedias [25].
The most notable example is vandalism, which consists mostly of the deliberate deletion of content or the addition of
false or irrelevant information. The results of vandalizing Wikipedia may have serious consequences for users, especially
when a biographical article is affected. The global impact of this kind of damage, while rather low, is rising [22]. Even
though anti-vandalism bots created to automatically prevent this kind of damage do a good job, there is always a need for
human reviewers.
Another problem connected with the lack of central supervision arises when editors have different points of view, which
may result in an editing war in which two or more contributors or groups try to enforce their versions of an article. This
violates one of the key Wikipedia rules mandating contributors to maintain a neutral point of view. Viégas et al. [29] noted
that not only controversial articles are threatened by edit wars.
These problems are caused by human factors and cannot be resolved by technology alone. Rather than relying on tech-
nology, Wikipedia has created a community of editors who work collectively (in accordance with social norms established
by the community) to maintain and improve the sites quality. Since this work involves mostly the sharing, creating, teaching
and learning of knowledge, the community of Wikipedia editors is a knowledge community.
The Wikipedia knowledge community can be considered the most developed and mature Web 2.0 community and is,
therefore, the object of intense study conducted by researchers wishing to learn how to improve the designs of socially-
centred Web platforms. The Wikipedia knowledge community is one of the best examples of how collective intelligence can
be achieved on the Web [16]. Wikipedia can also be seen as a model of collaborative work for future economies [31]. For
all these reasons, research concerning the Wikipedia knowledge community is of great interest.
Social networks have been the most popular tool for developing models of the Wikipedia knowledge community. Diverse
approaches have been used in order to capture various social phenomena, such as editor collaboration[17], conﬂict[7], mu-
tual trust or respect, and more. This article attempts to give a broad overview, as well as a synthesis, of these approaches.
The proposed synthesis uses a Multidimensional (Multilayered) Behavioral Social Network (MBSN) [11]; speciﬁcally, we use
an MBSN model of the Wikipedia knowledge community (in Section 3) consisting of four dimensions (Discussions, Co-edits,
Reverts , and Topics). The proposed model is composed of dimensions that have been widely used in related research. These
dimensions, derived from the edit history of Wikipedia, are used to build a behavioral model of the social network.
The proposed model usually incorporates a social interpretation which constitutes the basis of many applications. These
interpretations are discussed in detail in Section 3.6. The main contribution of this article is an attempt to verify the pro-
posed social interpretations of the MBSN model of the Wikipedia knowledge community. This veriﬁcation was conducted
by comparing the behavioral social networks that form the MBSN with declarative social networks created on the basis of
surveys.We concluded that the interpretation of a behavioral social network using a social concept is valid only if it matches the
declarative social network that concerns the same social concept. In other cases, the behavioral social network may contribute
to an understanding of the social concept (especially if it shows a strong correlation with the declarative network), but
cannot be interpreted directly using that concept. For example, if a behavioral social network created from histories of edit
reverts among editors is to be interpreted as a conﬂict among editors, we assume that a survey asking about conﬂict would
result in a declarative social network that would closely match the behavioral one.
The initial results of our validation, given in Section 4, indicate that the four dimensions that have been widely used in
research on the Wikipedia knowledge community are indeed correlated with their respective social interpretations.However,
only the Discussions dimension (created from article talk pages; see Section 3.2) can be seen as an approximate equivalent to the
social interpretation of acquaintance.
Our initial result could be the result of simplistic deﬁnitions of the behavioral social networks. In the example of a be-
havioral network constructed by reverts, perhaps only the most recent reverts should count in order to create an indication
of conﬂict. In order to improve our behavioral social networks, in Section 5 we use machine learning techniques to obtain
more complex, synthetic behavioral indices which are more closely related to their respective social interpretations.However,
the obtained results still do not support the social interpretations proposed in the literature for three of the behavioral social
networks: Co-edits, Reverts, and Topics. Again, only the declarative acquaintance network can be approximated by our model,
which uses the Discussions network along with other variables derived from Wikipedias edit history.
The paper is organized as follows: Section 2 discusses related work, with special attention given to work using the social
interpretations discussed in this paper. Section 3 introduces the MBSN model and states ﬁve research hypotheses (based
on reviews of related work) regarding possible social interpretations of the MBSN dimensions. Section 4 introduces our
survey method for constructing the declarative social networks needed to validate our hypotheses and shows the initial
results of testing the validity of the hypotheses. Section 5 describes our attempts to improve the behavioral networks using
Machine Learning to match the survey data as closely as possible, in order to preclude the possibility that the mismatch of
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Finally, Section 6 states our conclusions. In brief, our results do not preclude the use of the discussed behavioral social
networks for many applications, for example for recommendation systems. Nevertheless, applications that rely directly on
social interpretation for example, interpreting one of the networks as trust, or another as expertise should be treated with
caution and evaluated independently.
2. Related work
Collaboration on Wikipedia has important social aspects that have been the subject of intense study. Research has fo-
cused not only on the methods and eﬃcacy of work coordination and on the effectiveness of work distribution, but also on
negative aspects of collaboration such as conﬂict and edit wars, or on methods of conﬂict resolution, moderation, etc.
One of the early papers on Wikipedia collaboration [12] comprehensively studies the effect of conﬂict on collaboration
on three levels: global, article and user. On the global level, the problem consists of the growing cost of coordination.
As Wikipedia grows exponentially in size, the number of new articles decreases. A greater portion of the work force is
being focused on maintenance and indirect work. The Conﬂict Revision Count was proposed in [12] as a good predictor (in
machine learning terms) of growing conﬂict. Based on this, automatic detection and prediction of controversy was attempted
in large-scale social collaborative systems. Conﬂict on the user level was shown by means of network visualization. It was
also shown that the Reverts network can be used to cluster users sharing similar points of view.
Research results obtained for Wikipedia have been generalized to other types of collaborative editing using Wiki technol-
ogy. In [13], the authors examined the correlation of coordination and conﬂict in wiki production groups. They identiﬁed four
mechanisms of coordination: intra-article communication, inter-user communication, concentration of workgroup structure
and policies and procedures. Next, they identiﬁed conﬂicts and analyzed mechanisms for managing them. A notable ﬁnding
is that most wiki production groups other than Wikipedia share similar direct coordination mechanisms and problems with
conﬂict management while differing in the use of policies and procedures. Wikipedia has developed a large base of policies
and procedures for enforcing them, while most other wiki production groups have not. This is most likely related to the size
and age of Wikipedia, as well as its popularity; other wikis are more condensed, with smaller user bases. Recent research
also recognizes the role of social norms and context in online social networks, similarly to Wikipedia [4].
Recent research on Wikipedia collaboration has applied advanced statistical methods. In [8], the authors present an
examination of Wikipedia articles with varying needs for coordination. Using statistical network analysis methods called
p∗/exponential random graph models (p∗/ERGMs), they analyze the multi-level processes which structure diverse Wikipedia
collaborations. This diversity is an intrinsic feature of Wikipedia. For example, it is rather diﬃcult to predict the effects of
co-editing an article about current events, especially breaking news such as natural disasters or commercial airline crashes.
Traditional network-based approaches, including visualization and descriptive statistics, clearly show patterns of collabora-
tion, especially for typical encyclopedic articles, but give no insight about their statistical signiﬁcance, effectively limiting
their application in the validation of hypotheses. Demands for coordination regarding a particular article show a correlation
with the number of authors. However, the edit histories of disputed or breaking articles show a fair amount of more com-
plex interactions between authors and their attributes. Surprisingly, the actual number of experienced Wikipedians editing
breaking news is signiﬁcantly smaller than in a random model.
New research also attempts to capture the qualitative aspects of collaboration through a more in-depth analysis of the
semantics of collaborative actions. Paper [21] contains an analysis of 58 talk pages in the following categories: articles with
most editors, most views, and controversial articles. The types of comments in the discussions usually vary by article type,
but include: requests/suggestions for editing coordination, references to Wikipedia policies, references to outside sources,
and references to deleted (or reverted) content. A surprising ﬁnding is that most controversial pages (at least compared to
the other two groups) generate comparatively little signiﬁcant discussion on the talk pages.
Earlier, we conducted some research to ﬁnd an approach to the problem of evaluating teams of contributors (instead of
single authors) by means of multidimensional implicit social networks [9,26–28]. We presented the idea of creating such a
network based on the edit histories of certain pages and collaboration patterns between contributors. Our social network is
based on Wikipedias entire edit history taken as a whole, and therefore is a summary of all recorded author interactions.
This social network can be used to assess the quality of a team of authors and consequently, to recommend good teams.
It can also be used by Wikipedia authors and editors as an additional tool enabling them to improve collaboration, as it
expresses each authors social environment and can be navigated to discover new projects in which an author can participate,
or to recommend new collaborators.
Behavioral social networks are the subject of numerous research efforts in other domains, for example in the study
of Peer-to-Peer networks [15], grids [23], in the study of reputation systems for e-commerce [10,18,19] and recommender
systems [2]. However, little research is concerned with the comparison of behavioral and declarative social networks.
3. Multi-Dimensional Behavioral Social Network (MBSN)
The study of multidimensional behavioral Wikipedia social networks [26,28] is the subject of our ongoing research, which
attempts to model the community of Wikipedia contributors while emphasizing the aspect of teamwork. The research tool
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create this dataset, we analysed the entire edit history of the Polish edition of Wikipedia since its inception in 2001. Our
goal was to ﬁnd the actual social relationships between authors, such as trust, criticism, acquaintance and common interests.
In this section we describe the Multidimensional Behavioral Social Network (MBSN) used in our work and the approach we
used to construct it.
3.1. Pre-processing
The main obstacle was the amount of data present in the edit history and the diﬃculty of performing operations on
this data. In the case of the Polish Wikipedia, the edit history constitutes over 220 GB of text. First, we needed a way
to concisely represent the articles text and information on its authorship. We assumed a single word as the basic unit of
content. We processed each version of a particular article in order to observe the changes that were made and assigned
an author to each word. Thus, the ﬁrst version consisted of words written by the creator of the page, while subsequent
revisions contained all words of the text at a particular time along with their respective authors.
Between every pair of subsequent revisions there may be four kinds of actions: adding a word, deleting a word, moving
a word from one place to another, and changing a word. Adding is simply placing a new word in the text (whose author is
the author of the revision in which it ﬁrst appeared). Deleting is simply removing a word from the text. Moving is removing
a certain portion of text from one place and placing that text, in exactly the same sequence, in another place. Changing is
an operation of replacing one word with another (including, for instance, spelling corrections). We needed to distinguish
moving from deleting followed by adding in order to preserve authorship information. A threshold used to avoid identifying
the moving of single words or common phrases as moving text written by a previous author functions by identifying how
many consecutive words were moved; if the result is below this threshold, then the whole operation is considered a deletion
followed by an addition by a new author. A replacement of a single word is also considered as a deletion followed by an
addition.
The MBSN is a set of graphs consisting of nodes [11], each representing one Wikipedia contributor (some graphs may also
contain other nodes, such as Wikipedia categories) and edges, each representing one kind of relationship between them. The
speciﬁc weight of each edge is represented by a numeric value. We have deﬁned four dimensions (networks) of relationships
between authors: Discussions, Co-edits, Reverts, and Knowledge (interests). This network is completely behavioral, meaning
that it contains no declared information about social relationships and is based solely on the edit history.
3.2. Discussion
To calculate the edge strength in the Discussions network, we looked at the articles and users talk pages. The measure
is proportional to the amount of text added by one author next (that is, in response) to text written by the other author.
Activity on talk pages has been used in the literature to evaluate the degree of collaboration between editors. It has been
hypothesized that the Discussions network can be interpreted as the social relationship of acquaintance.
The strength of the discussion edge between authors A1 and A2 is computed as the total number of words written by A1
following a text written by A2 but no further than discussion_distance words away.
The value of the parameter discussion_distance was chosen as 20 based on empirical evaluation. A typical case for dis-
cussion on talk pages is that at least 20 words are written by each participant. Increasing the value of the parameter would
result in ignoring shorter exchanges. As a side effect, after each exchange between authors A1 and A2, the value of the
strength of the edge between them usually increases by 210 =∑20i=1 i.
3.3. Co-edits
The main operation that inﬂuences edge strength in the Co-edits network is the addition of text in the vicinity of text
written by another author. We believe that someone who edits the text of an article has read (reviewed) the surrounding
paragraphs. For this reason, we hypothesized that the Co-edits network could be interpreted as the social relationship of
trust [32].
Co-edits are deﬁned as the amount of text (number of words) written by one author next to the text of the other author.
The exact measure is calculated as follows. Let wi stand for a word added to article k by author A1 and wj for a word
previously added to the same article by author A2. Let D
i, j
k
be the distance in words between wi and wj in the article k
(values larger than distance_cutoff are ignored). We use the value of 20 for distance_cutoff based on empirical evaluation.
Then we deﬁne the relationship based on all articles that both authors have edited:















The edge strength in the Reverts network is measured by the number of edits made by one author and reverted by
another. This measure enables detection of edit wars, in which two or more authors or groups argue with each other. Revert
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the Reverts network could be interpreted as the social relationship of distrust or criticism [30].
Edge strength in the Reverts network is measured by the number of edits made by one author and reverted by another.
The strength of an edge in the Reverts network between authors A1 and A2 is computed as follows: for each revision R
in the edit history we look to see whether there was an identical revision R0 in the last max_recent revisions. Each such
pair (R0, R) increases the value of Reverts(A1 → A2) by |{Ri : author(Ri) = A2 and Ri lies between R0 and R}|. max_recent is
a parameter describing how far back in the edit history we should look when trying to match a revert. In our research we
used a max_recent value of 20.
3.5. Topics
The Topics dimension is a bit different from the others, because the set of nodes is extended by a subset of Wikipedia
categories and the edges form a bipartite graph connecting authors to the categories of the articles that they have edited.
The strength of the edges is proportional to the number of different articles in a particular category in which the given
editor has made at least one edit. Not all categories have been added to the set of nodes: we have attempted to ﬁlter out
non-topical categories (for example, dates or the ”disambiguation” category). We hypothesized that the Topics dimension
could be interpreted as a relationship of interest or knowledge of an author in a topical category.
The edge strength in the Topics network Edits-in-category(A → C) is deﬁned as the total number of changes of any type
made by author A in articles belonging to category C, where only changes exceeding the minimum length of 20 words are
counted in order to eliminate nonessential revisions.
3.6. Possible social interpretations
The MBSN can be considered simply as a set of behavioral social networks that can be used for various purposes, such as
recommendation. For example, in [20] we described how the four dimensions of this network were linked to the votes cast
in the RfA (Request for administrators) procedures. The MBSN may also be a new valuable tool for recommending candidates
for admins.
However, we can consider the MBSN as a valid social model of the community of Wikipedia editors only if we can
reliably interpret these dimensions as meaningful social relationships. In the literature, this interpretation has usually been
assumed, and only partially validated through indirect evidence. For example, if it can be found that the Reverts dimension
is related to edit wars, this can be argued as an indirect validation that the Reverts network can be interpreted as a social
relationship of conﬂict or distrust. In [20], we showed that the strength of edges in the Reverts dimension was higher for
votes against than for votes in favor of a candidate in the RfA procedure. This ﬁnding can also be used as indirect evidence
proving the interpretation of the Reverts dimension as conﬂict or distrust.
The Topics dimension links the authors with article categories. A high topic index value means that the author edited
a large number of articles in a given category. But why do authors edit a number of articles in a speciﬁc category? Is
this meaningful behavior or merely random choice? We have proposed two possible interpretations of this “behavior-based
indicator”: that authors editing articles in a category either consider themselves experts on or are merely interested in this
topic. Even though expertise and interest are not independent, we assume them to be two distinct attitudes towards article
categories. For instance, an editor may be very interested in quantum physics but, due to lack of a suitable education, does
not consider himself an expert. On the other hand, one may be a professional quantum physicist without being interested
in the topic as a Wikipedia editor.
In this paper, we have attempted to directly check the validity of the hypotheses concerning the interpretation of dimen-
sions of the behavioral social network. We used a survey of over 100 Wikipedia editors to obtain declarative data that can
be used to validate our behavioral social networks (the survey results included several thousand declared relationships). We
tested the validity of the following ﬁve hypotheses regarding the current dimensions of the behavioral social network:
Hypothesis 1. The Discussions network can be interpreted as acquaintance among editors
Hypothesis 2. The Co-edits network can be interpreted as trust in the ability of an editor to produce content of good quality
Hypothesis 3. The Reverts network can be interpreted as a state of conﬂict between editors
Hypothesis 4. The Topics network can be interpreted as the interest of an editor in a topic
Hypothesis 5. The Topics network can be interpreted as an editors expert knowledge about a topic.
4. Survey based veriﬁcation of MBSN validity
4.1. Behavioral vs. declarative Social Networks
The common meaning of acquaintance, trust or conﬂict is quite obvious and intuitive, but for application in network
analysis a more precise deﬁnition, as well as operationalization, is neededone that allows for measurement and empirical
research.
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to simply ask them. If they declare “yes, we know each other”, we can assume they are acquaintances. We call this a
“declaration-based index” of acquaintance.
Another way is to observe how people behave. For example, if they shake hands, we can be quite sure they know each
other. In the case of Wikipedia, we cant watch people shaking hands, but we can observe how they communicate via talk
pages, e.g., post next to each other. In this case we base our knowledge on the “behavior-based index” of acquaintance.
Both indices have their strengths and weaknesses. The declaration-based index is very straightforward and easy to un-
derstand, but depends heavily on a persons memory—usually we have more acquaintances that we can name.
On the other hand, the behavior-based index is totally independent of memory; in Wikipedia edit histories one can detect
traces of acquaintance for as long as one year after the last interaction. But this index can be misleading too. For example,
small talk may not be enough to constitute a relationship.
While conscious of the strengths and weaknesses of the presented measures, we consider both of them good indices of
the social relationship of acquaintance in terms of face validity [1]; in our opinion they adequately depict the meaning of
the concept. But can we prove their usefulness by showing some evidence that they are measuring the same thing? In social
science this is a question of so-called criterion-related or predictive validity [1], which is tested by studying the ability to
predict the value of one index based on the value of another.
In order to test the predictive validity of the MBSN dimensions that are behavioral indices of real social relations, we
used the survey method.
4.2. Survey methodology
4.2.1. The questionnaire
To test the predictive validity of the behavior-based indices we asked the respondents the following questions. For testing
the Discussions dimension:
Q1. “We would like to know how many Wikipedians you know. Please name everyone that you can remember (use nicknames).”
Q2. “Now, please look at the list of Wikipedians with whom you have edited the same articles. Mark nicknames that you
recognize (i.e., you remember that you have seen them before).”
Both questions are declaration-based indices. We shall refer to the ﬁrst declarative network as unsupported Acquain-
tances, to the second as supported Acquaintances.
The next question concerned whether one editor contacted another one:
Q3. “Please mark the nicks of editors with whom you have been in contact.”
For creation of a declarative Trust network we used the following question:
Q4. “Please mark the nicks of editors characterized, in your opinion, by edits of good quality.”
For creation of a declarative Conﬂict network we used the following question:
Q5. “Please select the nicks of editors with whom you have at any time disagreed or argued.
For testing hypotheses regarding the Topics dimension we used two questions:
Q6. “Please look at the list of article categories. For each category, try to determine your level of competency.” [Scale] 0 =
“I don’t know much about it”, 100 = “I know a lot about it”.
Q7. “And now, for each category, please determine the extent to which you are interested in that topic.” [Scale] 0 = “I’m not
interested at all”, 100 = “I’m very interested”.
We shall refer to the declarative network obtained from Question 6 as the Expertise network, and to the network ob-
tained from Question 7 as the Interest network.
4.2.2. Survey sample
The sample of network relationships to study was obtained in two steps. The ﬁrst was to select a sample of Wikipedians.
The second was to select a sample from the set of possible relationships of each chosen Wikipedian.
Drawing a random sample from the Wikipedia community is a diﬃcult task. Although it is easy to list all the Wikipedi-
ans, it is hard to contact respondents within the chosen sample and convince them to answer the questions. Because of
the diﬃculty in obtaining a representative random sample, we had to rely on non-probabilistic sampling techniques. We
decided to rely on subjects available through informal relationships and the Polish Wikipedia discussion group, and then to
snowball (by asking respondents to invite others) [1].
4.2.3. Sampling, the second step
The second step of the sampling procedure involved selecting a subset of relationships for every respondent who agreed
to answer the questionnaire. Each Wikipedian interacts with many others.
An average Wikipedian has 14.5 neighbors in the Discussions network (std dev 62; median 2; min 1; max 1,669); 43.2
in Co-edits; (std dev 252.1; median 6; min 1; max 13,514), and 16.3 in Reverts (std dev 78.7; median 2; min 1; max 2,265).
Because of the large range of and variance in the numbers of possible relationships, we had to limit the number of relation-
ships to be asked about.
An average Wikipedian has 14.5 neighbors in the Discussion network (std. dev. 62; median 2; min 1; max 1669), 43.2
in Co-edits; (std. dev. 252.1; median 6; min 1; max 13514), and 16.3 in Reverts (std. dev. 78.7; median 2; min 1; max
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relationships to be asked about.
In the ﬁrst question of the survey the respondent was asked for his or her nickname. Based on the answer, the survey
software generated a subset of relationships to study for each individual respondent. The subsets were then calculated
separately for the Discussions, Co-edits and Reverts networks. The distribution of relationship strength was expected to ﬁt
a power law. To ensure that links of various strength were included, stratiﬁed sampling was applied.
First, the respective range of the edge strength was calculated (the difference between the largest and smallest value)
separately for each respondent and dimension. The range was then divided into four equal intervals, each deﬁning one
stratum. From each stratum two network relationships were picked at random. If there were less than two elements in the
stratum, the missing element was taken from a higher stratum. Therefore, every individual network was represented by up
to eight elements. Each respondent was asked about a maximum of 24 relationships. The nicknames were displayed in the
order they had been chosen for the sample.
A sample of n = 111 Polish Wikipedia editors participated in the survey. We asked each editor about his/her relationships
with other Wikipedians that we had detected using the MBSN dimensions, so that we could compare the values of behavior-
based and declaration-based indices. Respondents answered questions about 818 Discussions, 745 Co-edits, and 419 Reverts
relationships.
Sampling for knowledge and interest. To investigate the relationship between the Topics index and expertise/interest, for
each respondent we randomly chose up to 10 topics that he/she had previously edited. Next, we asked separately about
each selected topic.
4.2.4. The sample and the population
It should be noted that the sample of users who answered the questionnaire is not identical to the general population of
Polish Wikipedians. Users with reviewer or administrator status participated much more often than ordinary users. In June
2011, the MBSN of the Polish Wikipedia community included over 90,000 users, compared to 2,349 reviewers (2.6% of users)
and 115 administrators (0.1% of users). The sample included 58 reviewers (53%), 28 administrators (25%) and 25 regular users
(23%). Therefore, the sample was skewed towards users who are more experienced and involved in the community.
This can be seen as a disadvantage of our study. However, in our research the unit of analysis is not a user, but a single
network relationship. We simply would like to know if behavioral network ties match users perceived social ties. Therefore,
it was more important to take a sample which was representative in terms of edge strength rather than user status.
One might suppose that the relationship between behavioral and perceived ties depends on the history of the individual
relationship (length, frequency, quality etc.) rather than on attributes such as user status. We applied post-stratiﬁcation
survey weights to match the distributions of edge strengths in the sample and in the population (described below).
It is also worth mentioning that recommendation algorithms based on the MBSN or other behavioral data would be most
useful for the most active Wikipedia editors, such as reviewers or admins. Thus we believe that our research provides useful
evidence on the validity of the proposed indicators despite certain sampling inadequacies.
To correct the difference between the sample and population structure, each sample unit was assigned a weight propor-
tional to the population frequency. A separate set of weights was prepared for each network dimension. To calculate the
weights for a given dimension, the full range of a network tie strength was ﬁrst divided into intervals. The thresholds of
the intervals were based on the values of the edge strengths from the sample. Each consecutive boundary was set midway
between two adjacent values of tie strength. Next, the population frequency of the ties in each interval was calculated using





Where: wt – weight assigned to each tie of strength t, N – number of ties in the population, n – number of ties in the
sample, nt – number of ties of strength t in the sample, Nt – number of ties of strength t in a particular interval in the
population.
4.3. Analysis
4.3.1. Discussion as acquaintance
As a ﬁrst step, we assessed the value of our behavior-based index for predicting an acquaintance relationship operational-
ized with our declaration-based index. We learned that 45% of editors identiﬁed as acquaintances by the behavior-based
index are recognized by the respondent, and that 6% of them are recalled.
We can improve on this result by increasing the cutoff point for the strength of the behavior index: edges with low
strength are dropped and no longer treated as indicators of acquaintance relationships. We learned that prediction validity
varies along with the behavior-based indexÃ¥ cutoff point. For recognition, it ranges from 45% of recognized editors for
very low cutoff values to 96% of recognition for very high values. For recall, prediction validity increases from 6 to 53%
(Fig. 1). This result is very encouraging, and shows that it is indeed possible to use behavioral social networks as indicators
of declared real social relationships.
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Fig. 1. Predicting recognition and recall of acquaintances with Discussion network indicator.
Fig. 2. ROC charts for predictions based on behavioral social network.The stepwise shape of the plot in Fig. 1 is explained by the typical increase in strength of the edge in the Discussion
network of 210 (see Section 3.2).
Achieving a satisfactory level of recall of declarative acquaintance with the behavior-based index is not enough to declare
its validity. For example, if all editors were declared acquaintances, the recall of behavior-based index would be 100%, even if
only a few declared acquaintances were discovered within the index. To obtain more meaningful results, we need to include
information concerning the number of false positives. This can be achieved using so-called ROC curves [6], which visualize
the tradeoff between false positives and negatives in a single chart. ROC curves are the most popular method of evaluating
classiﬁcation models in Machine Learning and their use enabled us to easily compare (see Section 5.1) operationalizations
based on single, predeﬁned dimensions with more complex operationalizations based on Machine Learning methods (see
Section 5).
The ROC curves for predicting declaration-based acquaintances using our behavior-based measurement are shown in
Fig. 2 (ﬁrst chart). In order to obtain a ROC curve, all examples are sorted based on their score, which here is the value of
the behavior-based index. Each value of the score is used as a cutoff point at which two values are computed. One value
is sensitivity: in our case, this is the percentage of all declared acquaintances correctly identiﬁed using the behavior-based
index at a given cutoff. The other is speciﬁcity: in our case, the percentage of all non-acquaintances incorrectly declared
as acquaintances. Every cutoff threshold corresponds with a point on the ROC curve; the y-coordinate of the point is the
sensitivity corresponding to the threshold, while the x-coordinate corresponds to 1 − speci f icity.
ROC curves enable us to visualize the tradeoff between a models sensitivity and speciﬁcity. For example, in the recogni-
tion plot in Fig. 2 we can see that we are able to choose, lets say, 50% of our acquaintances, but we have to pay for that
by incorrectly identifying about 30% of our non-acquaintances as acquaintances. If we agree to identify only 20% of our
acquaintances, the penalty is lower: only 10% of non-acquaintances are incorrectly classiﬁed. The diagonal line in the plot
corresponds to a model making random predictions and is used as a baseline (i.e., total absence of any relationship). The
higher the curve is above the diagonal, the better the model. The ROC curve of a perfect predictor passes through the upper
left corner of the plot. In our case this would correspond to the equivalence of behavior-based and declarative indices. More
details on ROC curves can be found in [6].
By looking at the leftmost ROC curve in Fig. 2, we can see that the behavior-based index for recognition is strongly
related to its declarative counterpart.
4.3.2. Co-edits as trust
In order to check the validity the Co-edits network, we applied the same procedure as for the Discussions network.
In order to check the validity of the hypothesis that the Co-edits dimension may be interpreted as trust in an editors
competence, we needed a declaration-based indicator of trust between authors. To obtain it, we asked our respondents
to: Please mark the nicks of editors characterized, in your opinion, by edits of good quality (Q4). Respondents were presented
with a list of Wikipedians linked to him/her via a Co-edit relationship and which he/she had already recalled or recognized.
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Fig. 3. Predicting “trust in competence” with Co-edits indicator.
Fig. 4. Predicting “antagonism / disagreement” with Reverts indicator.(We assumed that one has to know somebody to trust him/her.) In other words, the declarative trust relationship is a subset
of the acquaintance relationship. A total number of 745 relationship detected by the Co-edit indicator were evaluated.
As shown in Fig. 3, we learned that only 3% of editors linked to respondents via a Co-edit relationship were recognized
and trusted as authors of good-quality edits. Raising the cutoff point for Co-edit relationships improves this result, starting
from 3% for Co-edit indicator strength equal to 0.05 and up to 40% for a strength around 1750.
The results show that the behavioral Co-edits network is correlated with declarations of trust in an editors competence.
Also, the achieved prediction quality, as visualized by the ROC curve in Fig. 2, is higher than that of random choice, but not
signiﬁcantly so. It is thus again diﬃcult to talk about the equivalence of the indices.
Although the increase in prediction quality is considerable, the overall maximum result of 40% declared trusted editors
seems insuﬃciently high to claim that the Co-edits network is a good equivalent of trust in competence. What explanation
can be offered for this? A closer enquiry reveals that most of the editors linked via a Co-edit relationship do not know
each other. Therefore, the most probable explanation is that co-editing is usually anonymous: editors do not know who
they are working with. They pay no attention to the authorship of the text in the vicinity of their contribution. Moreover,
it is not easy to determine authorship with the default Wikipedia interface. In order to do so, one has to dig deep into an
articles history and search for chosen text, edition after edition. This obstacle breaks the link between text trustworthiness
and personal trust. One can speculate that an user interface with easier access to authorship information would be a better
environment for building personal reputations and trust between authors. Future work on trust in competence behavioral
indicators therefore should focus on networks of acquaintances and conscious and deliberate cooperation.
4.3.3. Reverts as conﬂict
As a declaration-based indicator of antagonism, criticism, and conﬂict we used the survey question:Please select the nicks
of editors with whom you have at any time disagreed with or argued (Q5). As previously, the respondent was presented with
a list of Wikipedians whom he/she had already recalled or recognized and who had been linked to him/her with a Reverts
relationship. (As in the case of Co-edits, an assumption is made here that one has to at least recognize somebody to be
in conﬂict with him/her.) A total number of 419 relationships detected with the Reverts indicator were evaluated with this
question.
We discovered (Fig. 4) that only 7% of Reverts relationships are manifestations of a conscious disagreement, argument or
conﬂict. Raising the Reverts indicator cutoff point improves this result to 20%. Clearly there is a strong correlation between
behavioral and declarative indices of distrust; the ROC curve in Fig. 2 shows that the behavioral index is a strong predictor,
much better than random selection. However, contrary to our expectations, the Reverts network relationship proved to be
highly nonequivalent to a conscious, social relationship; only 20% of such declarative relationships can be identiﬁed. We
offer a few explanations for this.
The ﬁrst issue is the reason a given contribution was reverted. On one hand, the reason may have been substantive: the
information provided was not true or broke the rules of notability or neutrality of point of view. On the other hand, it may
have been editorial: vandalism, poor wording, poor formatting, poor quality. It is reasonable to suppose that only reverts
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making editorial reverts do not perceive their actions as manifestations of an argument or disagreement.
A second possible explanation concerns the degree of anonymity of reverts. In Wikipedias user interface it is hard to
revert a contribution without seeing who the author is. However, to see is not always to notice. It is likely that most reverts
are made by administrators and users working on so-called ﬂagged revisions (checking contributions made by inexperienced
users). These Wikipedia shepherds routinely make many reverts a day, usually without being conscious of an important
dispute or argument. It may be that in most cases they do not even notice who is being reverted.
Another factor is the amount of time that has passed since the revert. Declaration-based indicators depend on memory.
We can suppose that even if an author noticed whose contribution he/she rejected, the memory of this incident would
gradually fade. A behavior-based index, on the contrary, is independent of memory. Therefore, many real arguments correctly
indicated through a revert, measured just after a relationship bond was established, might be simply forgotten.
Yet another issue consists of the meaning of terms argument and disagreement. Perhaps for many people these terms
imply a bilateral relationship, an interaction based on the exchange of conﬂicting opinions. In the common understanding of
the term, reverting may be too one-sided an action to be deﬁned as an argument. Moreover, having ones own contribution
reverted triggers much more emotion than reverting the contribution of another. Thus it seems that bilateral reverts or
being reverted might serve better as an behavioral indicator of argument/disagreement. Finally, the method of calculating
the revert network indicator might matter as well. Our Revert relationship linked one author to another not only when a
contribution had been rejected immediately, but also when an author had just restored an older version of an article. In the
latter case, the author becomes linked to all of the authors that contributed to the restored version of the article.
4.3.4. Topics as expertise or interest
The validity of Hypotheses 4 and 5 was tested with two different declaration-based indicators. For the creation of an
declarative Expertise network we used the survey question:Please look at the list of article categories. For each category, try
to determine how much you know about it [Scale 0100] (Q6). For the creation of an declarative Interest network we used the
questionFor each category please determine the extent to which you are interested in that topic [Scale 0100] (Q7). Respondents
were able to express their opinion in a simple and intuitive way, using a slider. We collected n = 1550 responses about
respondents attitudes concerning expertise and n = 1534 about their attitudes concerning interest.
A surprising ﬁnding was that, in 56% of Topics relationships, respondents declared no knowledge at all; and, in the case of
62% of relationships, no interest. We suppose that in some cases 0 on a 0100 scale means that respondent did not really an-
swer the question. Nevertheless, the apparent irrelevance of some categories to authors knowledge and interest is puzzling.
An even more puzzling result is that average interest and expertise do not increase monotonically for high topic index
values. Average interest and expertise increase with the number of edits in a category up to a certain level and start to drop
above that level. Respondents showed little interest and expertise in categories that were edited only once (average 910 on
a scale of 0100). They declared increasingly more interest and expertise for categories with up to 1120 edits and tended to
declare less interest and expertise for categories edited very often.
The relationship between Expertise or Interest and Topics index value can be approximated with a linear model for low
values of the behavior-based index. However, the relationship does not ﬁt a linear model for higher values. We found the
best linear ﬁt for values ranging from 1 to 18. The ﬁt decreases for higher index values.
In the case of declared expertise, for low values of the Topics index (ranging from 1 to 18), the relationship can be
modeled with a linear equation: declared expertise = 8.7 + 2.8(topics index) with a weak ﬁt (R2 = 0.083). Interest is very
similar here to expertise. A weak linear relationship can be found for low values of the Topics index. This can be modeled
with the equation: declared interest = 10.5 + 2.5(topics index) with a slightly worse ﬁt (R2 = 0.061).
There may be several reasons for such a weak relationship between Topics index values and declared interest and ex-
pertise. First, some topics are artiﬁcial categories, abstract lists of objects that have very little in common, e.g., 1853 births.
Second, many edits made by reviewers and administrators are editorial: NPOV (neutral point of view) violations, wording,
spelling mistakes, etc. One need not be interested in or an expert on a topic to do editorial work. Third, interest and ex-
pertise are often focused on a lower level. The author may have expertise in one subject, but not in the whole category;
for instance, one may claim to be an expert on Van Gogh but not on Dutch Painters in general. It might be expected that
the more general the topic is, the lower the level of declared interest and expertise. So one may claim to be an expert on
Van Gogh and declare some expertise in Dutch post-impressionist painters, but not deem oneself to be an expert on Dutch
painters at all.
5. Construction of behavioral indexes using machine learning methods
In the previous section, we carried out a veriﬁcation of commonly assumed hypotheses regarding social interpretations
of MBSN dimensions by evaluating their predictive validity for declarative indices of real social relationships. This approach
has shown that, although all dimensions are strong predictors of their respective declarative interpretations, only one of the
MBSN dimensions, the Discussions dimension, offers suﬃcient predictive accuracy to be considered a behavioral equivalent.
In an attempt to improve the MBSN network, we decided to use a machine classiﬁcation approach that would enable us to
learn how best to construct new MBSN dimensions that could predict the declarative indices of Acquaintance, Trust, Conﬂict,
Interest and Expertise.
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Table 1
Categories of input variables for machine learning models.
Variable category Based on Description
Cat_similarity Edits history Number of categories in which both editors (SRC, DST) contributed edits.
Discussion Talk pages One of MBSN dimensions computed based on discussion length.
Reverts Edits history One of MBSN dimensions computed based on reverts length.
Cat_diversity Edits history Number of different categories in which editors (SRC , DST) contributed edits.
Coedits Edits history One of MBSN dimensions computed based on coedits length.
Days_since_last_ < dimension > Edits history / Talk pages Number of days since last SRC and DST perform edit/revert/discussion in one article
Avg_days_between_ < dimension > Edits history / Talk pages Average number of days between SRC and DST edits/reverts/discussions in one article
Days_since_ f irst_ < dimension > Edits history / Talk pages Number of days since ﬁrst SRC and DST perform edit/revert/discussion in one article
Reverted_ < dimension > Edits history / Talk pages Social network dimensions computed in reverted direction DST -> SRC
Encounter_ < dimension > Edits history/ Talk pages How many times SRC and DST performed edit/revert/discussion in same article.
Table 2
Target variables of machine learning models.
Target Name Description
Expert Indicator if SRC chose DST as a trusted editor of high quality (Question 4)
Contact Indicator if SRC conﬁrmed that was contacting DST
Argue Indicator if SRC conﬁrmed that was arguing with DST (Question 5)
Spontaneous Indicator if SRC provided DST as known Wikipedia user without any hint
Acquaintance Indicator if SRC checked DST as known Wikipedia user on presented listThe proposed approach uses much more of the information available from edit history than the ﬁrst simple dimen-
sions of the MBSN. In particular, the machine classiﬁcation models were able to use information about elapsed time be-
tween events. Also, the models were able to use reversed relationships; for the Reverts dimension, we initially hypothesized
that the dimension was in the wrong direction for predicting conﬂict (i.e., that the editor whose edit had been reverted
was more likely to feel antagonism towards the reverting editor). Such hypotheses could be automatically checked by the
machine classiﬁcation approach for all survey questions. Moreover, the machine classiﬁers could use all available informa-
tion for predicting each survey question, for example, using the Reverts dimension to predict the questions about trust, or
acquaintance.
The main goal of this section was to improve the veriﬁcation of the hypotheses described in Section 4. The negative
validation of Hypotheses 25 could be due to simplistic deﬁnitions for the MBSN dimensions. If the improvements proposed
in this section did not lead to a much better agreement of the MBSN dimensions with declarative indices (such as observed
for the Discussions dimension), we would conclude that Hypotheses 25 had been negatively veriﬁed.
5.1. Machine learning methods used
To build our classiﬁer, we created an input dataset, with additional variables computed by transforming other infor-
mation extracted during the creation of the MBSN. Each record represents a single relationship between two users and is
characterized by attributes related to them:
• SRC – a user who responded in our survey
• DST – a user about whom an SRC was asked or whom an SRC provided spontaneously.
Table 1 (see Electronic Appendix) describes 45 dataset input variables grouped into categories. Classiﬁcation models were
built for each of the target variables containing an answer to one of the survey questions. Table 2 (see Electronic Appendix)
describes all target variables.Fig. 5. Average expertise and interest value against number of edits in the topic.
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Fig. 6. ROC curve for decision tree compared to MBSN behavior-based index of acquaintance for question 1.The described dataset contains many records with at least one missing value. Because the regression and Support Vector
Machines classiﬁers cannot use records with missing values, we used the standard imputation methods tree surrogate (a
decision tree is built for each attribute and used to ﬁll in missing values) and median (missing values are ﬁlled in with the
median) [5]. Inputting these values did not provide satisfactory results. Accordingly, we used the decision trees implemented
in SAS Enterprise Miner 6.2, as they provide satisfactory handling of missing values and their decision rules are easy to
interpret Fig. 5.
The trees were built with default parameter values:
• Splitting criterion based on the p-value of Pearson Chi-square statistic.
• Stopping criterion based on the same p-value and a signiﬁcance level of 0.2.
• Pruning based on the 1-SE rule selecting the smallest possible tree without without signiﬁcantly reducing validation
accuracy.
5.2. Question 1 – spontaneous acquaintance
Q1. “We would like to know how many Wikipedians do you know. Please name every one that you can remember (use nick-
names).”
We used two target class values: 1 if an SRC provided a DST s nick as an answer to the ﬁrst question, 0 otherwise.
The 111 surveyed users provided 292 nicks of other Wikipedians. Our dataset contains relationships for 2,668 users whom
they were in a position to know, based on data extracted from Wikipedia edit history. The dataset is unbalanced: only
12.89% observations have a value of 1 for the target variable. For the machine learning process, the dataset was balanced by
undersampling observations with a target value of 0 [3]. The ﬁnal input dataset contains 584 observations with equal target
class distribution.
After creating the decision tree, the most important variables (chosen based on the logworth value) were:
• Encounters_discussions – the number of discussions between editors SRC and DST
• Reverse_coedits – co-edits calculated for DST → SRC, edits made by DST near content created by SRC
• Co-edits – co-edits calculated for SRC → DST, edits made by SRC near content created by DST
Note that these variables make intuitive sense, as acquaintance, as deﬁned here, need not be based solely on discussions
(even though this variable is by far the most important); other interactions may contribute to recognition/recall as well.
We ran the decision tree classiﬁer on a validation dataset (a random subset of records which were not used in the
training process) to test its accuracy on future data. Moreover, the balancing procedure was not used on the test set: the
original class distribution was maintained. After scoring was performed on the validation dataset, the results showed that
for a balanced dataset the misclassiﬁcation rate is very high, over 80%. However, when looking at the ROC curve in Fig. 6,
we see a different picture. We are able to correctly identify almost 80% of all acquaintances with only a 30% false positive
rate. The low accuracy stems from the fact that the negative class is much more numerous. Furthermore, Fig. 6 shows that
the decision tree is superior to the behavioral index of acquaintance proposed in the previous section alone. This proves that
operationalizations based on machine learning models have the potential to be far superior to single dimensions designed
by hand.
Based on the computed score values, we can provide a good operationalization for Question 1. The new operationalization
explains results much better than the value of the acquaintance variable. Wikipedia users remember very few other users if
nicknames are not suggested.
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Fig. 7. ROC curve for decision tree and simple operationalization of acquaintance for question 2.5.3. Question 2 – suggested acquaintance
In contrast to the ﬁrst survey question, in the second users were presented with a list of 10 other Wikipedians whom
they were in a position to know.
Q2. “Now, please look at the list of Wikipedians with whom you have edited the same articles. Mark nicknames that you
recognize (you remember that you have seen them before).”
After ﬁltering out records with DSTs not used in this question, the dataset contains 2293 observations and a slight class
imbalance (61% for class 0, 39% for class 1). We undersampled in order to obtain equal target classes.
For this question, the most important variables used in decision trees were:
• encounters_discussion – number of discussions between SRC editors and DSTs.
• encounters_coedits – number of edits made by SRCs near DSTs
• d_since_l_con_discussion – number of days since the last discussion
Note that all these attributes correspond to interactions which, intuitively, may contribute to higher recall.
From the rather complex decision tree we manually selected the two simplest rules which could help in determining the
probability of recognition:
1. If encounters_discussion ≥ 3 then we have a 77% probability that SRC chooses a DST from the proposed list.
2. If encounters_discussion = 0 and encounters_coedits ≤ 8 then we have an 88% probability that SRC will not choose a DST.
In order to evaluate the newly-created decision tree, we generated ROC curves for it and for the earlier operationalization
(acquaintance). Fig. 7 shows that the result from the decision tree is far superior to that from the acquaintance variable only,
and that the synthetic index can be viewed as approximately equivalent to its social counterpart.
5.4. Question 4 – high quality edits
Let us now try to operationalize the notion of trust based on:
Q4. “Please mark the nicks of editors that have, in your opinion, edits of a good quality.”
The model was built based on 1116 observations. The most important variables were:
• src_dst_disc_210_bool – binary indicator if the discussion variable for SRC editors and DSTs is higher than 210.
• dst_total_edits – number of edits made by DSTs.
• encounters_discussion – number of discussions between SRC editors and DSTs.
In Fig. 8 we present the ROC curve comparing regression for the Trust operationalization described earlier and the deci-
sion tree. The decision tree shows a great improvement, although we obtained an even better ﬁt for the ﬁrst two questions.
An analysis of the variables used by the model gives an insight into the correlation between the Discussion network and
responses to Question 4 (declared trust in an editors competence). The model used the Discussion dimension (dst_src_disc),
indicating that an editor is more aware that other editors comment on talk pages than that they are making edits next to
the work of other editors. This has a common-sense explanation: when editors make edits of their own, the user interface
does not show the authorship of nearby edits. On the other hand, when editors enter the talk pages they become aware of
other editors entries, and can learn in the discussion history who the authors of these entries are. As it turns out, this is
more likely to create an awareness of edits made by another editor.
The model also used the encounters_discussion variable (derived, like the Discussion network, from the Wikipedia talk
pages, but indicating only the number of times that two editors exchanged any information on the talk pages, without
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Fig. 8. ROC curve for decision tree and regression of trust and new operationalization for question 4.
Fig. 9. ROC curve for decision tree and regression of disagreement for question 5.giving the length of the discussion); nevertheless, it chose a much higher cutoff point than in the case of the ﬁrst two
questions regarding spontaneous and supported editor acquaintance. For Questions 1 and 2, the minimum strength of the
encounters_discussion variable was 4 and 3, respectively, while for Question 4 the cutoff point was 14. This indicates that a
prolonged discussion on the talk pages is likely to create trust among editors.
Since the model did not use the Co-edits network, our improved ﬁt of responses to Question 4 does not change the
conclusion about the validity of Hypothesis 2. Interestingly, the model also used a simple count of the number of edits
made by the evaluated editor. This suggests that the number of an editors edits are tied to his/her trustworthiness.
5.5. Question 5 – disagreement or argument
For this question we proposed a list of nicks with whom respondents might have argued. The list was generated based
on revert history.
Q5. “Please select the nicks of editors you have at any time disagreed with or argued with.” After ﬁltering out records with
DSTs not used in this question, we were left with 1116 observations. The data contained only 18% conﬁrmed arguments;
moreover, for the creation of a decision tree, we undersampled the dataset to create a balanced dataset with 400 observa-
tions. We created a tree with a misclassiﬁcation rate of 24%, with the three most important variables being:
• d_since_l_con_revert – number of days since the last revert
• d_since_f_con_coedit – number of days since the ﬁrst coedit
• dst_cat_div_20 – number of categories in which a DST editor contributed at least 20 edits
The decision tree for Question 5 is extremely complex. Scoring performed on 547 test cases showed improvements over
previous operationalizations, but not suﬃcient to declare equivalence. The respective ROC curves are given in Fig. 9.
We deﬁned a better model for Question 5 based on computed variables. The resulting decision tree uses the Reverts
dimension along with the Co-edits dimension. This can be interpreted as follows: an absence of reverts together with a
suﬃciently high number of co-edits indicates that two editors worked together, were aware of each others edits, and are
not likely to be in conﬂict. However, the overall obtained classiﬁcation accuracy is too low to conclude that Hypothesis 3 is
valid.
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Fig. 10. Predicting knowledge and interest of editors in speciﬁc topics.5.6. Knowledge and interests
To analyze the last two questions, we prepared a separate dataset, since these questions are based not on interactions
between two users but on user activity in particular categories. Users were asked to answer questions about their interest
in a given topic and their knowledge in this ﬁeld:
Q7. “Please look at the list of article categories. For each category try to determine your level of competency”. [Scale] 0 =
“I don’t know much about it” 100 = “I know a lot about it”.
Q8. “And now for each category please determine how much you are interested in that topic”. [Scale] 0 = “I’m not interested
at all” 100 = “I’m very interested”.
Responses given by users were binarized (50 or higher was considered class 1, otherwise class 0). The dataset contained
1,092 observations for 104 different Wikipedians; the target classes are unbalanced (class 1 = 76%; class 0 = 24%).
To test which variables are useful for determining a Wikipedians interest or knowledge in a given category, we created a
series of prediction models. We used standard imputation methods to ﬁll in missing values. To correct the problem with an
imbalanced target variable, we undersampled the dataset.
We were unable to build a suitable decision tree for knowledge or interest. Instead, we used gradient boosting and
logistic regression with default parameters. For Question 7 we were unable to create a model better than the respective
value from the MBSN. For Question 8, variables important for predicting the answer were:
• no_rev_2010 – number of reverts in a topic in 2010 year
• val_coedits_2011 – length of edits in a topic in 2011 year
• no_coedits_2011 – number of edits in a topic in 2011 year
• no_rev_2010 – number of reverts in a topic in 2010 year
The misclassiﬁcation rate for the regression model for Question 7 was 43%; for Question 8, 40%. Fig. 10 presents two
ROC curves for models using only MBSN and other variables. The models predictions were quite inaccurate, leading to the
conclusion that the interests and expert knowledge of surveyed editors cannot be accurately predicted based on available
behavioral data.
6. Conclusions and future work
In this paper, we have aimed to check the validity of a set of hypotheses regarding social interpretations of behavioral
social networks created from the Wikipedia edit history. Undoubtedly, the subject of modeling the Wikipedia knowledge
community using social networks deserves the attention of scientists and practitioners interested in improving open col-
laboration or knowledge management used by Wiki or other Web 2.0 technology. Wikipedia is unique because it is one of
the largest, oldest, and best-known knowledge communities, and also because of the availability of a detailed edit history
that records almost all behavior on the part of editors. The hypotheses we formulated regarding social interpretations were
largely based on related work in the area, as well as common sense. For these reasons, it came as a surprise that only one of
them (Hypothesis 1. The Discussion network can be interpreted as acquaintance among editors) turned out to be valid. Several
other hypotheses, such as the interpretation of the Reverts network as conﬂict or of the Topics network as interest or exper-
tise, seemed intuitive and were supported by indirect evidence in previous work. The lack of validity of these hypotheses
may be the result of too simple a deﬁnition of the related behavioral networks; however, our subsequent use of the data
mining approach revealed a much deeper problem. In the latter stage of our research, we attempted to create improved
operationalization of behavioral social networks that could best classify survey data. The goal of this approach was supe-
rior veriﬁcation of the hypotheses, as the initial deﬁnition of the MBSN was very simple. We used all available variables,
including some related to time (based on the hypothesis that short-term human memory is the factor that accounts for the
inaccuracy of predicting declarative networks using behavioral ones). While this approach revealed a few useful rules, and
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postulated by Hypothesis 2 but the Discussion network and the total number of edits by the evaluated editor.
Our models had only a limited ability to predict editor conﬂict. We were completely unable to predict user responses to
questions about interests or expertise based on available behavioral data
These results show that it is much harder than expected to model real social phenomena, even based on a complete
and detailed history of behavior. Of course, our study had several limitations that can partially explain these diﬃculties.
The main one was the lack of a random sample of Wikipedia editors, and, in particular, an overrepresentation of active
editors and administrators. This may have led to diﬃculties in predicting interests and expert knowledge, since admins and
candidates for admins on Wikipedia edit massive numbers of articles, regardless of their interests and knowledge, in search
of minor improvements and in order to implement Wikipedia editing policies. However, even when we looked at only larger
edits (to exclude minor improvements), we failed to obtain a behavioral network with a greater capacity to predict survey
data.
In our view, a limitation much more important than the sample composition may account for the diﬃculty in using
behavioral data to predict survey data. On Wikipedia, edits are often anonymous, and the Wiki user interface itself does
not support the easy determination of authorship of the various parts of an articles text. This makes it hard for editors to
know who co-edits with them or reverts their edits. Of course, in some cases, edit wars occur or editors do become aware
of the quality of their co-editors. However, such occurrences are relatively rare, and therefore the disagreement between
behavioral and declarative networks is great.
These observations do not preclude the use of behavioral social networks for practical applications, such as recommend-
ing good candidates for admins, or for testing hypotheses regarding open collaboration (for example, regarding the impact
of coordination on talk pages on article quality). Social hypotheses concerning inﬂuence or social capital may be especially
easy to test using the validated Discussion network. However, one should be wary of applications that rely on a direct social
interpretation of a behavioral network, for example on the interpretation of Reverts as conﬂict or Topics as interest or expert
knowledge. Such applications should rely on independent tests of the impact of using behavioral networks on application
functionality.
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